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A New Classification Method of Lung Nodules Based on

Convolutional Neural Network

PENG Chao, HU Yongxiang
( College of Computer Science, Hunan University of Technology, Zhuzhou Hunan 412007, China )

Abstract: In view of an improvement of the performance of the automatic malignant classification model of lung
nodules, a benign and malignant lung nodule classification algorithm has thus been proposed. First, 3D CT images of
pulmonary nodules are used as a model input; then the CT image features are to be extracted with the dual-path network
combined with VGG16, with the residual connection used to capture more high-level and semantic information, and the
dense connection used to reduce the complexity of the model as well. The experimental results on the Lunal6 dataset
show that the ROC of the algorithm can reach as high as 90%, with its algorithm performance much better than the
same type of algorithm.
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Fig. 1 Classification process of benign and

malignant lung nodules
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Table 1  Effects of the size of the data set on
the performance of the model

IEREASL Ace SE SP AUC
1350 0.78 0.84 0.81 0.85
2700 0.85 0.89 0.86 0.90
4050 0.85 0.90 0.82 0.68
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Table 2  Effects of DPN quantity on model performance

DPN % Acc SE SP AUC
0 0.75 0.68 0.81 0.80
1 0.79 0.68 0.72 0.80
2 0.85 0.89 0.86 0.90
3 0.85 0.83 0.85 0.88
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Fig. 5 Effects of the location of lung nodules on the diagnosis
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Table 3  Effects of different classifiers and feature output sizes

on the model

7k iyt RRIEAE S Accl%
32 85.2
64 85.4
FC+SVM
128 89.2
256 85.1
32 83.0
64 84.1
FCARE 128 87.0
256 84.5
32 84.8
FC+Softmax 64 83.9
128 87.6
256 85.6
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